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Abstract:

This research focuses on developing a predictive maintenance model based on
machine learning techniques to enhance the reliability and operational
efficiency of milling machines in modern industrial environments. The
methodology relies on analyzing standardized operational data from the Al4l
2020 dataset and addressing challenges associated with traditional
maintenance approaches, such as unexpected failures and high operational
costs. The proposed model includes data cleaning, the extraction of engineered
features that capture the machine’s operational behavior, and the training of
machine learning algorithms such as Random Forest, XGBoost, and Gradient
Boosting, in addition to designing a neural network specifically tailored to
handle rare failure cases.

The results show that incorporating engineered features significantly improved
model performance, particularly in Recall and F1-Score metrics, compared to
relying solely on raw features. Ensemble tree-based models demonstrated
strong performance in classifying common failure modes, while detecting rare
failures such as TWF required specialized imbalance-handling techniques,
including RandomOverSampler, Focal Loss, and pos_weight, which enhanced
the model’s ability to identify these infrequent cases despite their limited
representation.

The study confirms that combining feature engineering with hybrid models
tailored for rare classes provides an effective framework for building an
industrially applicable predictive maintenance system. It further recommends
developing continuous monitoring mechanisms for the model, improving data
guality, and expanding datasets related to rare failures to strengthen system
reliability and reduce unplanned downtime.

Keywords: Predictive Maintenance, Machine Learning, Milling Machines,
Engineered Features, Al4l 2020.
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Baseline
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(MLP 64—32—16)
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Top 10 Most Important Features for HDF
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Top 10 Most Important Features for OSF
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Top 10 Most Important Features for TWF (MLP + (RandomOverSampler +pos_weight + FocalLoss)
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Model Accuracy | Recall Precision | F1-Score
XGBoost (Baseline) 0.9940 0.838235 | 0.982759 | 0.904762
Gradient Boosting 0.9930 0.838235 | 0.950000 | 0.890625
(Baseline)

Random Forest 0.9940 0.838235 | 0.982759 | 0.904762
(Baseline)

Neural Network (MLP | 0.9895 0.705882 | 0.979592 | 0.820513
64—32—16)
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Al alua 2 (s ihas slina 2026 als 5 2l 48 alaall
Decision Tree 0.9890 0.852941 | 0.828571 | 0.840580
(Baseline)

SVM (LinearSVC 0.9850 0.558824 | 1.000000 | 0.716981
Baseline)
Logistic Regression 0.9825 0.529412 | 0.923077 | 0.672897
(Baseline)

AEidal) el alaaiuly DY) alas ciloag lsd ool api 2 Jgoa
Al el aladind aeys J8 zilall oo d3jae 3.1.3

Model Performance Comparison: No Features vs All Features (Group 1: First 4 Models)

XGBoost

0.983

Gradient Boostin,

Random Fores!

Neural Network

Fl-Score
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Model Performance Comparison: No Features vs All Features (Group 2: Last 3 Models)

Decision Tree

@ No Features
0.853 0821 0,829 o. g Al Features

Precision

Logistic Regression

0.923

0.779
0.673
0.529 .

Recall Precision F1-Score

Al el aladiiad segg g g iladll o1af 458 6 JSi

el Auain T Aial il aladin) aeys U8z 3Ll e1d G A 6 JSG muasy
a3l alins cpelal Cum (Jlanll Vs GLSS) e 3l )08 ¢y aead b
JS sy et Al 48 el (ailaadll 21 axs F1 SCOTe 5 ¢ lajias) Gunlia 8 Ussale

calall ) elludl e (3l

zlall A8y L Lale et ) ol 08 A ) clpa) aladi ) o e aill e oSy
&b co—misil Recall 28 of ¥) (F1 Score; Precision i .S ¢l
L agy dii il clyall of I (=leay) 13a g3a)5 Logistic Regression sSVM
Lol o cliall Can i 3 Uséad ST 2 3gaill Cilan 38 el (o Jamill S33 le
DU s e s Logistic Regressions SVM (e duhaall #3laills ¢ Jhe ¥ls
Lalall el dihie 3amt ) daer zdsadl) G st ST cjall st Latie s ials
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.Recall

Jhall ggi paat ¢ A0l dapall - 3.2
Cargy Uil samie 2aly e 3 A5all Jlae¥) gl ppen dia g 5 dlagall sda b
e L) gy oclld Baaily AN Al 2 3lai 8 dme Jaleill gy 2300 il Coan o LAY

:3 Jsaa B e o LS Machine failure aul mas 35ec

AY) Jlae) lid e Jgia 3 Jota

Condition
No Failure
TWF ==
HDF ==

Assigned Value

=
m
1]
1]
B WN RO

#13Y) il clS ¢ aydl Machine Failure suie e (I3 3 2 3laill 2w 2ay
P4 s B e & S

Jhal) £gi s ddaja Az dladl 1l 4jlia 4 Jgaa

Model Accuracy | Recall Precision | F1-Score
XGBoost Classifier | 0.9940 0.9940 0.988037 | 0.991009
Gradient Boosting | 0.9925 0.9925 0.987537 | 0.990005
Random Forest 0.9940 0.9940 0.988037 | 0.991009
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Neural Network | 0.9880 0.9880 0.981427 | 0.983787
(MLP 64—32—16)

Machine e g Jalaill die ladiye (I A1 ot cilaa s o1l o zalaill geilin gl
Lei€a Js oz dbatl) ool Gl ol a0l dglee o bl o 2555 clidl) 2axie failure
Sl g5ty amll Ay lia lgbeny Las diglle 56 S Adliaall JUacY) blal o cajaill (1

Adsises Ay S ISy

doga o aulai a2y Random Forest z3sei ialdll i) dddine 7 JS& (i ya
- ¥yl Machine Failure juia alaaiuly Jlaall 53 Caial

VFSD
Random Forest Confusion Matrix =
Mo Failure 1930 o [#] (4] [a] (]
1500
TWF a8 ] [s] a] [s] a]
1250
= HDF 4] o 21 8] (4] a]
o 1000
a
c
= PVWE o o o 17 s} s}
750
OSF (4] o 0 8] 20 %]
= 500
RMNF <4 (8] (8] (8] [#] (8]
- 250
= < - &
e P & a5 & &
=
Pradicted label 0

(JUae¥) ciiuat) Adlgdal) Cllal) g igall (ulily) Adghaan 7 JS&
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Random Forest + (MLP + (RandomOwverSampler +pos_weight + FocalLoss))

1 o ] -] -]

1750
" 1500
= ] o o o a
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1750
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% 1000
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K 50
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Crngd) il g dgail Ll ulaly) Abgian 8 JS&
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Random
Forest

138 8 acinall Lmgiall 35 oY) Apmapal) il ahally = el dgaill s A)laal) 5
zilad ahasi s sl e Aallaes cdesial) iyl A via G pand lly s
s i) 2 3lailly alal) i) e 1 Tolaie) Al il wyall Cojelal 26 cAima
F1-Score s Recall ilyiise b moals paliasl sl L ccplsill ared s dalles

Alall 283l g iyl a2 5yl culiall

Al luhal) 8 deadiad) # 3l gues e daaladad) 4 sal) A0 i LS
e Das 7 sal) (pmgl) aseaill dylled 2S5y Laa 3300l JUaeY) ol S0 5508 a4
el cV s aay 8 Ale A8y ki Al delial) ciliydall

iaa 5

& bl JlaeY) e il o 50l Ay Ailiaa zisad sk dulall s34 o
Al a5 . TWF Ui 5l JUacY) GlLiS) e 5jaee 5)3 ae cdlle 382 5y <N
craly IS oY) e Cpand A sl aae dallee L pa Cljall A e
o st Ags aall A0 s dm D) 3Ll G en ) (angl) dgatll glal Laiy
DUl 568 A el mgial) of ceiliall 2555 e lpms 3n e 5y0lilly Aailil) JUae Y1 Caiss
b laaal Adgise jiayy dlabad) ye il (i aedy gl Bl all Yl Llee
geluall il

162



Aila gl g Ay 1 ASilsal) il ) Al e daals Alas

Al alua 2 Cuna ihas plina 2026 slc 5 21l 48 alxal)

1.

5.

el

Zhao, W., Ding, J., Huang, X., & Zhang, Y. (2025). Research on
milling machine predictive maintenance based on machine learning
and SHAP analysis in intelligent manufacturing environment
(arXiv:2512.01205v1). arXiv.

Kumar, R., et al. (2023). Impact of machine downtime on modern
manufacturing systems. Procedia CIRP.

Carvalho, T., et al. (2023). Predictive maintenance in Industry 4.0:
Recent developments and challenges. Sensors.

Zhao, W., et al. (2025). Machine learning based fault diagnosis in
CNC milling machines. Applied Sciences.

Akyaz, T., & Engin, D. (2024). Machine learning-based predictive
maintenance system for artificial yarn machines. IEEE Access, 12,
125446-125461.

Baradaran, A. H. (2025). Predictive maintenance of electric motors
using supervised learning models: A comparative analysis
(arXiv:2504.03670). arXiv.

Waghulde, R. R., Rai, R. K., Chadhar, R. M., Rane, M., & Yadav,
V. (2025). Evaluating machine learning and deep learning models
for predictive maintenance: A study using the Al4l 2020 dataset.
Journal Name.

Al4l 2020 Predictive Maintenance Dataset- UCI Machine
Learning Repository (2020)

9. Wang, Z,, Liu, Q., & Zhao, R. (2022). Data imbalance challenges

in predictive maintenance: A comprehensive review. IEEE
Transactions on Industrial Informatics, 18(8), 5234-5248.

163



Ling) AIY) alad il g ool jaal) dadia aladiualy 50 Y 4y 50l Alpal) Gaas

10. https://www.sanfoundry.com/data-preprocessing-ml-cleaning-
normalization-encoding

11. Tremblay, R. (2025). Understanding equipment failure behavior:
Types, patterns, and maintenance strategies. Spartakus.

12. Z. M. Cinar et al., "Machine Learning in Predictive Maintenance
towards Sustainable Smart Manufacturing in Industry 4.0,"
Sustainability, vol. 12, art. 8211, Oct. 2020.

13. Buabeng, A. Simons, N. K. Frempong, and Y. Y. Ziggah, "Hybrid
Intelligent Predictive Maintenance Model for Multiclass Fault
Classification,"” Soft Computing, vol. 28, pp. 8749-8770, Jul. 28,
2023.

14. Chugani, V. (2025). A concise guide to overfitting. Statology.

15. Crudu, A., & MoldStud Research Team. (2025). Mitigating
vanishing gradients with advanced activation functions — A
comprehensive guide.

16. Gu, J., Li, C., Liang, Y., Shi, Z., & Song, Z. (2024). Exploring the
frontiers of Softmax: Provable optimization, applications in
diffusion model, and beyond (arXiv preprint arXiv:2405.00000).
arXiv.

17.J. Wiercioch, "Hybrid predictive maintenance model — study and
implementation example,"” Production Engineering Archives, vol.
30, no. 3, 2024.

164


https://www.sanfoundry.com/data-preprocessing-ml-cleaning-normalization-encoding
https://www.sanfoundry.com/data-preprocessing-ml-cleaning-normalization-encoding

